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An accurate crop yield prediction (CYP) system is crucial for enhancing agricultural
practices, ensuring food security, and reducing harvest risks. Machine learning (ML)
models are effective for predictive tasks, but their performance depends heavily on
appropriate hyperparameter tuning. Studies comparing the predictive accuracy along with
computational efficiency of hyperparameter tuning methods remain limited. We
benchmark three hyperparameter tuning methods, GridSearchCV (GSCV),
RandomizedSearchCV (RSCV), and Optuna (OPT), across five ML models, namely
Decision Tree (DT), Random Forest (RF), Gradient Boosting (GB), XGBoost (XGB), and
LightGBM (LGBM). We employ a nested cross-validation framework for unbiased
results, along with statistical significance testing and SHapley Additive exPlanations
(SHAP)-based interpretability analysis. The experiments are conducted on a CYP dataset
comprising agronomic and climatic variables of 101 countries. OPT shows performance
comparable to GSCV across multiple models. It is evidenced by the RF model which
attained the lowest Mean Squared Error (MSE) of 1.08 %107, Root Mean Squared Error
(RMSE) of 3280.77, Mean Absolute Error (MAE) of 432.30, and R? of 0.9987, under both
OPT and GSCV. However, OPT is associated with higher computational cost, whereas
RSCV improves efficiency by reducing tuning time, with a modest trade-off in accuracy.
Overall, no single tuning method consistently outperforms the others across all models. A
tuning strategy should be chosen after careful consideration of trade-offs among stability,
processing time, and resource availability restrictions. This study demonstrates that
hyperparameter optimization strategies are pivotal in determining the performance,
computational efficiency, and practical applicability of ML models, thereby enabling
more reliable agricultural decision-making and policy support.

1. INTRODUCTION

Changing weather patterns and the impacts of climate
change on soil health across the globe have made accurate crop
yield forecasting crucial for ensuring global food security and
reducing harvest risks [1-4]. It helps farmers and policymakers
to make informed decisions on land use, irrigation, and supply
chain management [5-8]. Machine learning (ML) models have
contributed to crop yield prediction (CYP) by analyzing
diverse patterns in agricultural data [9-11]. Selecting
hyperparameters of ML models is critical in optimizing their
performance. Thus, their reliability depends on suitable
hyperparameter tuning techniques. Poorly tuned models can
lead to the design of suboptimal prediction models, ineffective
resource utilization, and high computational costs [11-13].

GridSearchCV ~ (GSCV) [14], RandomizedSearchCV

(RSCV) [15], and Optuna (OPT) [16] are widely used
techniques for hyperparameter tuning in ML models [17-19],
yet they differ significantly in computational efficiency,
search strategy, and predictive performance. GSCV examines
every combination of parameters to ensure optimal tuning, but
its exhaustive nature results in high computational costs [14].
RSCV improves computational efficiency by randomly
sampling a fixed number of hyperparameter combinations
from the search space. This avoids the exhaustive evaluation
of all possible configurations [15].

OPT uses Bayesian optimization and pruning techniques to
effectively explore the search space. In each trial, it selects
effective hyperparameter configurations instead of relying on
random or exhaustive search through Bayesian optimization.
Pruning strategies help to terminate underperforming trials at
early stages and thereby reduce computation overhead [17].
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Despite the growing adoption of these techniques, existing
studies mainly focus on predictive accuracy. The trade-offs
between accuracy, computation cost, and model stability
introduced by hyperparameter tuning are overlooked.
Moreover, there is a lack of controlled benchmarking studies
on evaluating these tuning strategies. Additionally, there is a
limited comparative study of these methods in the agriculture
domain. In particular, with limited insight into the interplay
between their predictive performance and computational
expense.

We empirically investigate the efficacy of GSCV, RSCV,
and OPT for hyperparameter optimization in five ML models,
namely Decision Tree [20], Random Forest [21], Gradient
Boosting (GB) [22], XGBoost (XGB) [23], and LightGBM
(LGBM) [24] with a CYP dataset covering significant
agronomic variables such as harvested area, crop type,
pesticide use, rainfall, and temperature. We performed this
study intensively with nested cross-validation to avoid bias in
model selection.

The major objectives of this study are:

e Carried out a comparative study of GSCV, RSCV, and

OPT in optimizing ML models' parameters

e Expounded optimal parameters for the studied ML

models

e Empirically evaluated predictive performance and

tuning time using nested cross-validation

e  Explored the impact of meteorological, agronomic, and

environmental features on crop yield

The findings of this study will guide users to select the most
appropriate hyperparameter optimization methods based on
task requirements, as well as time and resource constraints in
agricultural applications. The rest of the paper is organized in
the following manner: Section 2 examines existing literature
on ML-based CYP and hyperparameter tuning schemes.
Section 3 discusses the utilized dataset and its preprocessing
activities, modeling methods, and processes. Section 4 details
the hyperparameter search space and evaluation metrics.
Section 5 deliberates the experimental results and performance
analysis. The last section deliberates on the important findings,
drawbacks, and recommendations for future studies.

2. RELATED WORK

CYP is a fundamental challenge in agricultural risk
management and food security. ML models have been widely
adopted due to its ability to model non-linear interactions
among climatic, agronomic, and environmental variables [25].
Since farming features are often affected by environmental
factors, soil conditions, and plant types, exploring
hyperparameter tuning methods and their comparative
evaluation is mandatory. Recent literature consistently
identifies ensemble-based architectures, such as RF and
XGBoost, as the benchmarks for predictive accuracy due to
their resilience against the noise and heteroscedasticity
common in multi-regional agricultural data [26, 27].

As noted earlier, the efficacy of ensemble models is
intrinsically tied to their hyperparameter configurations,
which govern the equilibrium between model complexity and
generalization capacity [9]. In agricultural applications,
hyperparameter tuning has received comparatively limited
attention. Several studies have applied ML models for CYP
using climatic and soil features with the aim of achieving high
predictive accuracy [28-29]. More recent works have
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incorporated optimization techniques, including Bayesian
optimization frameworks such as OPT, RSCV, GSCV to
improve model performance and interpretability [30, 31].

Despite these advances, existing studies typically employ a
single optimization strategy or focus on specific model
configurations, without systematically comparing alternative
tuning methods under consistent experimental conditions.
Furthermore, most works evaluate performance primarily in
terms of predictive accuracy, with limited consideration of
computational cost, tuning time, and efficiency factors that are
critical for real-world deployment in agricultural decision-
support systems [13, 16, 17].

A few studies have shown that GSCV can improve yield
forecasting accuracy by optimizing Support Vector Machines
[12]. However, GSCV is computationally intensive for
exhaustive searching and thus less scalable in large datasets.
Contrarily, RSCV is more scalable as it randomly samples a
combination of hyperparameters, but may give more variable
results since RSCV is faster but less consistent in results.

2.1 Research gap and motivation

While hyperparameter optimization has seen significant
technical growth, three critical limitations persist in the current
literature of CYP:

e Most studies apply a single optimization method
without a comparative evaluation against alternative
methods.

e Second, performance evaluation is predominantly
accuracy-driven and often overlook the critical trade-
offs between predictive precision, computational
overhead, and tuning latency.

e  There is limited evidence on whether advanced tuning
methods like Optuna maintain stable feature
attributions compared to traditional methods when
processed through XAI frameworks.

To address these limitations, this study introduces a unified
benchmarking framework that systematically evaluates
GSCV, RSCV, and OPT across multiple ML models under
consistent experimental conditions. By integrating nested
cross-validation and SHAP (SHapley Additive exPlanations)
based interpretability [31, 32], this work provides a
comprehensive analysis of the trade-offs among predictive
accuracy, computational efficiency, and model stability. It has
direct relevance for food-security-oriented decision support.

3. METHODOLOGY

This research adopts a systematic workflow that comprises
data preprocessing, model selection, hyperparameter tuning,
and comprehensive performance evaluation, as demonstrated
in Figure 1.

3.1 Dataset description

The study uses publicly available data from the Food and
Agriculture Organization (FAO) and the World Bank. These
datasets are intended to support agricultural risk management
and forecasting while providing comprehensive information
for CYP and early warning systems for food security. The
dataset was carefully prepared and included significant details
on agronomic, climatic, and chemical factors affecting
agricultural output. These factors are very crucial in shaping



the ML models in CYP. The data set includes 28242 instances
gathered from 1990 up to 2023 over 101 geographical regions,
including different agro-climatic zones. Table 1 presents the
dataset attributes and their relevance to CYP.
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Figure 1. Workflow of the proposed ML-based crop yield
prediction (CYP) framework

Table 1. Dataset attributes and their descriptions

Attributes Description
Input Features
Area The geographical area in which the crop is
grown.
Item Type of crop cultivated.
Year Year in which the data were gathered.
Pesticide Use Amount of pesticides used.
(tonnes)
Average Rainfall Precipitation levels influencing soil
(mm/year) moisture and irrigation needs.
Average

Temperature (°C) Climatic factors influencing plant growth.

Target Variable
Crop Yield Productivity of crops in hectograms per
(hg/ha yield) hectare.

Figure 2 illustrates the variation in normalized rainfall,
pesticide usage, temperature, and crop yield across different
geographical areas. The plot shows that crop yield varies
considerably across regions, even when environmental inputs
exhibit similar magnitudes. It can be interpreted that higher
rainfall and temperature do not consistently coincide with
higher crop yield in several regions. Conversely, some regions
achieve relatively higher yields under moderate levels of
rainfall, temperature, and pesticide usage. It also shows that
low rainfall can still exhibit moderate crop yields. This may
reflect the influence of factors like irrigation, good soil
conditions, and effective crop management.
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Figure 2. Relationship between rainfall, pesticide usage, temperature, and crop yield by area

3.2 Data preprocessing and feature engineering

We encoded the categorical variables (Area and Item) into
numerical representations suitable for processing using label
encoding. This process enables tree-based models not to be
sensitive to ordinal relationships in the encoded features. To
address skewness in environmental variables, pesticide usage
was transformed using a loglp function, which safely handles
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zero values. Missing values, if any, were treated using median
imputation to ensure data consistency.

We applied RobustScaler to normalize input features by
minimizing the effect of outliers using median and
interquartile range. This feature scaling facilitates model
stability and convergence during training. Before performing
the prediction, we explored several domain-informed features.
These features include indicators that show changes over time,



such as last year's yield, the yield from two years ago, and the
average yield over the last three years. These indicators
showcase the inherent trends more clearly. We examined the
interaction between rainfall and temperature, as well as the
impact of pesticides on temperature, to understand the
relationships among various agroclimatic factors. We
calculated a detrended temporal feature to measure how each
crop and region changes over time. These features, which
capture both time-related patterns and complex interactions,
were used to improve predictions of crop yields.

The dataset was sorted chronologically and split into
training (80%) and test (20%) sets, with earlier years allocated
to training and later years to testing. Model evaluation and
hyperparameter optimization are performed using a nested
cross-validation scheme. The outer loop includes 5-fold cross-
validation to ensure an unbiased evaluation of the models. The
inner loop employs 5-fold cross-validation with random
shuffling for the purpose of effectively tuning the
hyperparameters of the three methods. A fixed random seed
(42) is used consistently for model initialization across all
three tuning methods to ensure reproducibility. GSCV
performs an exhaustive search over predefined grids, whereas
RSCV and Optuna explore the search space using 50
iterations. Optuna uses the Tree-structured Parzen Estimator
(TPE), a sequential Bayesian optimization algorithm that
models the objective function to guide the selection of
promising hyperparameter configurations. We did not apply
any no pruning strategy; all trials are run to completion. Each
configuration is trained using a fresh model instance to ensure
independence between evaluations. All preprocessing steps
are applied within the training folds and consistently extended
to validation and test data to avoid information leakage.

3.3 Machine learning models

ML models were chosen for investigation based on their
theoretical rationale and ability to handle non-linear
interactions in the agricultural dataset to identify the most
reliable and accurate CYP.

The DT model was chosen because of its transparency and
simplicity. It recursively divides the feature space based by
minimizing the variance of the target variable within each
node, typically using Mean Squared Error (MSE). To mitigate
overfitting without sacrificing interpretability, we included the
RF model. This method combines the predictions from several
DTs, each trained on a bootstrapped sample of the data. The
final yield prediction is obtained by calculating the arithmetic
mean of the individual tree outputs, as shown in Eq. (1):

T

1

=) ke (0
t=1

where, h;(X) represents prediction from a single tree t, and T
represents the number of trees. Since RFs effectively reduce
variance and capture complex feature interactions, they are
robust in handling large datasets.

GB was incorporated to increase the predictive power,
which sequentially corrects errors in previous iterations in
regression tasks. Weak learners are trained iteratively to
reduce a loss function with Eq. (2):

y= )

Fn(X) = Fp_a(X) + yhy (X) )
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where, F,,(X) is the boosted model at iteration m, h,, is the
weak learner, and y is the learning rate controlling the
contribution of each learner. GB works very well in most cases
when the relations are highly non-linear.

XGB was applied because of its computational efficiency.
In this regression context, it applies regularization to reduce
overfitting, making it an optimized version of gradient
boosting. Its optimization function includes both loss
minimization and model complexity and is computed using

Eq. (3):
L) = Z 1(t;, t) +7\Z”Wj”2
i=1 j

In the above equation, t; and £; denote the actual and
predicted crop yield for observation i, respectively. I(t;, t;)

€)

and A ), j||wj ||2 correspond to the loss function in MSE and the
regularization term, respectively. XGB exploits parallel
computation and tree-pruning techniques which makes XGB
an efficient and scalable algorithm.

We employed LGBM, a high-performance gradient
boosting tool to further enhance the performance. Unlike the
GB, it performs histogram-based feature binning to speed up
training with the same level of accuracy.

The calculation of split gain in LGBM is performed using

Eq. (4):

G = Cier gainy)® + Ciergain)®  Tiepgaing)?
IL] IR| |P|

“4)

where, gain; indicates the gradient of the loss function while
L, and R are left and right child nodes, respectively, and P is
the parent node. This model is suitable for large scale data
because it efficiently deals with categorical features and uses
less memory.

4. HYPERPARAMETER TUNING STRATEGIES

This section presents the details of the tuning methods, the
parameter search space for each model, and the best parameter
identified by the tuning methods.

GSCV performs optimization by evaluating every possible
configuration of hyperparameters for each given model, where
hi denotes the i-th hyperparameter with m; possible values, the
total number of evaluations is given by Eq. (5):

Nrotar = [Ti=1my (5)

GSCV exhaustively explores the predefined search space
and identifies the best-performing hyperparameter
configuration within that space, at the cost of significant
computational resources. This study focused on essential
hyperparameters such as the number of estimators, learning
rate, tree depth, and regularization parameters.

RSCV addresses inefficiencies incurred in GSCV by
randomly sampling k configurations from the hyperparameter
space. This technique is effective when certain
hyperparameters have less impact, more search space, and
efficient sampling is desired.

The hyperparameter optimization performed by OPT is
based on Bayesian optimization, with the TPE. In every
iteration, OPT samples a new hyperparameter configuration 0



according to expected improvement (EI), using Eq. (6):

E1(6) = E[max(f(6) - f*,0)] (6)
where, f(6) is the model's performance with hyperparameters,
6 and f* is the best observed performance. Also, early stopping
support provided by OPT helps to save computational time as
it eliminates failing trials before completion. This form of
optimization achieves efficient convergence with minimum
computational costs.

4.1 Hyperparameter search space

The hyperparameter ranges searched for every model are
shown in Table 2.

The optimal hyperparameters identified for each selected
ML models are summarized in Table 3.

Table 2. Hyperparameter search space

Model Parameter Range
.. max_depth {None, 5, 10, 20}
Decision Tree min_samples_split {2,5, 10}

Random Forest

n_estimators
max_depth

{50, 100, 150, 200}
{None, 5, 10, 20}

min_samples_split {2, 5,10}
min_samples leaf {1,2,4}
n_estimators {50, 100, 150, 200}
Gradient Boosting learning_rate {0.05, 0.1, 0.2}
max_depth {3,5,7}
n_estimators {50, 100, 150, 200}
XGBoost learning_rate {0.05, 0.1, 0.2}
max_depth {3,5,7}
n_estimators {50, 100, 150, 200}
LightGBM learning_rate {0.05,0.1,0.2}
num_leaves {31, 50, 100}

Table 3. Summary of optimal hyperparameter configurations by model and tuning technique

Min.

Min.

. Number of Learning Max. Number  Avg. Tuning Avg. Training
Model Tuning Estimators Rate Depth Sample_s per  Samples per of Leaves Time (s) Time (s)
Split Leaf

Decision GSCV - - None 5 - - 1.20 0.166
Tree RSCV - - None 5 - - 1.09 0.172
OPT - - None 5 - - 6.04 0.170
Random GSCV 150 - None 2 1 - 180.03 16.47
Forest RSCV 150 - None 2 2 - 64.06 17.33
OPT 150 - None 2 1 - 228.16 16.66
Gradient GSCV 150 0.2 7 - - - 130.20 16.21
Boosting RSCV 150 0.1 7 - - - 59.38 15.89
OPT 150 0.1 7 - - - 202.77 14.03
GSCV 150 0.2 7 - - - 8.18 0.281
XGBoost RSCV 150 0.1 7 - - - 3.37 0.286
OPT 150 0.2 7 - - - 12.98 0.220
GSCV 150 0.2 - - - 100 55.62 0.666
LightGBM  RSCV 150 0.1 - - - 100 21.18 0.466
OPT 100 0.2 - — - 100 78.32 0.419

4.2 Evaluation metrics for rigorous predictive model
assessment

We calculated MSE to compute the average squared
difference between predicted and actual crop yields using Eq.

(7):

MSE—lzt £.)?
Yy & —t)

i=1

(7

where, t; and f; are the actual and predicted crop yields,
respectively, and n is the number of data points. Since MSE is
quadratic in nature, it penalizes more significant errors more
heavily, making it sensitive to outliers. We also computed
Root Mean Squared Error (RMSE) to estimate errors in the
original units of the target variable using Eq. (8).

RMSE = VMSE ®)

We also computed Mean Absolute Error (MAE) as it
measures the average absolute difference between actual and
predicted outputs using Eq. (9).

n
1 R
MAE == |t~ &| ©)
i=1
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This metric remains a robust measure of prediction error
which is less sensitive to outliers. Then, we computed Mean
Absolute Percentage Error (MAPE) to assess relative
prediction accuracy using Eq. (10).

100+
MAPE = —
n

i=1

t;— ¢

0 (10)

This metric helps compare model performance on different
datasets with varying scales of yields but is not defined if any
t; is 0. To evaluate the goodness of fit, we computed R? score,
which measures the proportion of variation in yield based on
input features using Eq. (11).

it — )2

R2=1 -2t
Z?:1(ti - tl)z

(11)

R? score can take values less than 0, with higher values
(closer to 1) indicating better model performance. We also
applied Explained Variance Score (EVS) to measure how well
a model explains the variance of the target variable, from -0
to 1, with 1 representing perfect prediction using Eq. (12).

Var(t—1t)

EVS =
Vs Var(t)

(12)



5. EXPERIMENTAL RESULTS AND PERFORMANCE
ANALYSIS

5.1 Experimental setup

The study was performed on a 12th generation Intel Core
19-12900 with a 64-bit Windows 11 Pro operating system. The
software setup was created with a Python 3.11 environment
and the following libraries: NumPy, Pandas, Seaborn,
Matplotlib, SciPy, StatsModels, Scikit-Posthocs, Optuna, and
Scikit-learn. We used GSCV and RSCV to tune the
hyperparameters. The models used to investigate the tuning
methods are DT, RF, GB, XGB, and LGBM.

5.2 Accuracy-based comparison

To ensure the reliability of the models, the predictive
performance of the evaluated models during the cross-
validation phase is documented in (Figure 3 and Table 4) and
subsequently verified against the independent test set (Figure
4 and Table 5). RF has the lowest error rates in both cross-
validation and test sets. It achieved a test RMSE of 3280.77
and R? 0f 0.9987 under both GSCV and OPT, indicating strong
generalization. GB and XGB work well with GSCV and OPT.
However, their performance drops when using RSCV. For
example, the RMSE of XGB increases from 4985.67 (GSCV)
to 6178.80 (RSCV). It represents an approximate 23.9%
increase and evinces its sensitivity to suboptimal
hyperparameter configurations.

Tuning Method
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Figure 3. Performance comparison of hyperparameter-tuned regressors with CV results

Table 4. Performance comparison of models with CV results

CVRMSE CVMAE CVR2 CVMAPE (%) CVEVS

Model Tuning Method CV MSE (x107)
GSCV 2.03
Decision Tree RSCV 2.03
OPT 2.06
GSCV 1.27
Random Forest RSCV 1.52
OPT 1.27
GSCV 2.51
Gradient Boosting RSCV 3.56
OPT 3.17
GSCV 2.75
XGBoost RSCV 3.92
OPT 3.27
GSCV 2.11
LightGBM RSCV 2.64
OPT 2.23

4476.60 511.86 0.997 1.10 0.997
4476.60 511.86 0.997 1.10 0.997
451191 533.07 0.997 1.15 0.997
3545.16 485.01 0.998 1.14 0.998
3874.45 579.83 0.998 1.37 0.998
3551.13 484.89 0.998 1.14 0.998
5008.54 1977.93 0.997 5.50 0.997
5961.22 2579.51 0.996 6.73 0.996
5611.47 2363.19 0.996 6.31 0.996
5243.27 2020.61 0.997 5.50 0.997
6259.22 2642.84 0.995 6.80 0.995
5694.66 2296.39 0.996 6.11 0.996
4590.11 1482.74 0.997 4.32 0.997
5133.02 2005.39 0.997 6.05 0.997
4720.88 1598.42 0.997 4.66 0.997
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Figure 4. Performance comparison of hyperparameter-tuned regressors with test set results
Table 5. Performance comparison of models with test set results
Model Tuning Method Test MSE (x107) Test RMSE Test MAE Test R? Test MAPE (%) Test EVS
GSCV 1.77 4205.41 454,90 0.9978 0.9822 0.9978
Decision Tree RSCV 1.77 4205.41 454,90 0.9978 0.9822 0.9978
OPT 1.77 4205.41 454,90 0.9978 0.9822 0.9978
GSCV 1.08 3280.77 432.30 0.9987 1.1046 0.9987
Random Forest RSCV 1.18 3440.38 493.75 0.9985 1.3416 0.9985
OPT 1.08 3280.77 432.30 0.9987 1.1046 0.9987
GSCV 2.19 4678.22 1927.34 0.9973 5.5733 0.9973
Gradient Boosting RSCV 3.24 5694.62 2481.35 0.9959 6.8060 0.9959
OPT 3.24 5694.62 2481.35 0.9959 6.8060 0.9959
GSCV 2.49 4985.67 1955.69 0.9969 5.6556 0.9969
XGBoost RSCV 3.82 6178.80 2626.57 0.9952 6.9887 0.9952
OPT 2.49 4985.67 1955.69 0.9969 5.6556 0.9969
GSCV 1.91 4373.84 1427.40 0.9976 4.5070 0.9976
LightGBM RSCV 2.45 4944 .96 2009.55 0.9969 6.6615 0.9969
OPT 2.19 4684.83 1720.47 0.9973 5.3834 0.9973

LGBM shows moderate and variable performance, with
RMSE ranging from 4373.84 (GSCV) to 4944.96 (RSCV). DT
yields consistent test outcomes across all tuning techniques
(RMSE = 4205.41, R* = 0.9978), demonstrating minimal
sensitivity to hyperparameter adjustments. Ensemble models
benefit more from structured optimization, while simpler
models show marginal gains.

5.3 Computational efficiency analysis

Computational cost is evaluated using tuning and training
time (Table 3). GSCV incurs the highest cost due to exhaustive
search. For instance, RF tuning time reaches 180.03 s under
GSCV compared to 64.06 s under RSCV.
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RSCV reduces tuning time by sampling a fixed number of
configurations. There is a particularly noticeable difference in
XGB, where tuning time reduces from 8.18 to 3.37 seconds
(GSCV to RSCV) (58.8% reduction). OPT requires more time
than RSCV but achieves accuracy comparable to GSCV. For
example, RF tuning time increases to 228.16 s under OPT
while maintaining identical accuracy to GSCV. Exhaustive
search improves accuracy, whereas sampling-based methods
improve efficiency.

5.4 Stability and robustness analysis

Stability of the models is assessed based on consistency
across all folds and tuning methods. We found that the



Random Forest model is very consistent. Both GSCV and OPT
resulted in a RMSE of 3280.77. This consistency indicates
performance saturation and low sensitivity to hyperparameter
changes. The RF model also showed identical performance
across both methods. This clearly demonstrates a convergence
to equivalent configurations, irrespective of the tuning
approach employed. In contrast, boosting models show greater
variability, particularly under RSCV.

5.5 Integrated trade-off analysis
The results show a trade-off among accuracy,
computational cost, and stability. GSCV provides accurate and

stable results at high computational cost. RSCV reduces tuning

Distribution of CV MSE

Distribution of CV RMSE

time by up to 50-60% with a modest loss in accuracy. OPT
achieves a balance by delivering accuracy comparable to
GSCV with moderate computational cost.

RF tuned with GSCV or OPT achieves the best overall
performance, while RSCV remains suitable for time-
constrained settings. The choice of tuning strategy depends on
the balance between accuracy, computational resources, and
stability requirements.

Violin plots in Figure 5 further illustrates the distribution of
cross-validation metrics across tuning methods which
highlights differences in variability and stability. GSCV and
OPT exhibit more consistent performance with narrower
distributions, whereas RSCV shows greater variability,
indicating sensitivity to random sampling.
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6.  STATISTICAL  ANALYSIS OF THE

PERFORMANCE OF TUNING METHODS WITH CV

To assess statistical differences among hyperparameter
tuning methods, the Shapiro-Wilk test was applied to cross-
validation metrics (MSE, RMSE, MAE, R2, MAPE, and EVS).
All metrics exhibited non-normal distributions (p < 0.001),
necessitating the use of the Friedman test. The Friedman test
revealed a statistically significant difference among the tuning
methods with a p-value of 0.0294. We also conducted pairwise
comparisons using Wilcoxon signed-rank tests with
Bonferroni correction, and the results are shown in Table 6.

Although the Friedman test indicates overall differences,
the Wilcoxon tests do not reveal statistically significant
pairwise differences after correction (p > 0.05). The smallest
p-value is found between OPT and RSCV, which is 0.0625.
However, this result is not statistically significant, as the
adjusted p-value is 0.1875.
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Table 6. Post-hoc Wilcoxon signed-rank test for cross-
validation performance

Metric Comparison P-Value Adjusted P-Value
GSCV vs OPT  0.12500 0.37500
MSE  GSCVvsRSCV  0.12500 0.37500
OPT vs RSCV  0.06250 0.18750
GSCV vs OPT  0.12500 0.37500
RMSE GSCVvsRSCV  0.12500 0.37500
OPT vs RSCV  0.06250 0.18750
GSCV vs OPT  0.12500 0.37500
MAE  GSCVvsRSCV  0.12500 0.37500
OPT vs RSCV  0.06250 0.18750
GSCV vs OPT  0.12500 0.37500
R? GSCV vs RSCV  0.12500 0.37500
OPT vs RSCV  0.06250 0.18750
GSCV vs OPT  0.12500 0.37500
MAPE GSCV vsRSCV  0.12500 0.37500
OPT vs RSCV  0.06250 0.18750
GSCV vs OPT  0.12500 0.37500
EVS  GSCVvsRSCV  0.12500 0.37500
OPT vs RSCV__ 0.06250 0.18750




These findings indicate that, while differences among
tuning methods are observable, they are not statistically
distinguishable on a pairwise basis given the limited sample
size. The consistent patterns of p-values across different
metrics indicate that the relative performance of the methods
remains stable. The results indicate that no single tuning
method is the best choice for every situation. Method selection
should be driven by trade-offs between computational cost and
stability. To further interpret the predictive behavior of the
models and understand the contribution of input features, a
SHAP-based interpretability analysis is performed.

7. SHAP-BASED FEATURE IMPORTANCE ANALYSIS

A SHAP analysis was conducted to enhance model
interpretability and understand the impact of individual
features on CYP. Although RF demonstrated the best
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predictive performance, SHAP analysis was conducted using
the XGB model, particularly, due to its efficient integration
with TreeSHAP, which enables fast and consistent
computation of feature contributions. Furthermore, both RF
and XGB are tree-based ensemble models that capture similar
feature interactions. Therefore, we performed the
interpretability analysis with XGB to understand the overall
modeling behavior. The effect of various features on crop
yield is illustrated with the SHAP summary plot (Figure 6).
Among environmental factors, pesticides exhibited the most
decisive influence, indicating their substantial impact on yield
prediction. To assess the influence of features on CYP, SHAP
analysis of the XGB model unveiled Crop type (item) as the
most influential feature. It suggests that crop yield varies from
one crop type to another. Then, among the other factors,
pesticide usage followed by temperature were in an important
sequence. Rainfall, Area, and Year also slightly contributed to
CYP.
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Figure 6. SHAP analysis showing (a) summary plot of individual prediction impacts for each feature and (b) bar plot of overall
mean absolute SHAP values indicating feature importance
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Figure 7. SHAP dependence plots illustrating the interaction between key input features and their corresponding SHAP values
for crop yield prediction (CYP)

Note: Each subplot shows the relationship between the normalized values of features (x-axis) and its SHAP value (y-axis). Color gradients specify the value of an
interacting feature, capturing possible interaction and non-linear effects
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SHAP dependency plots shown in Figure 7 give more
insight into the interactions between features. The figure
shows that Temperature has a non-linear inverse correlation
with SHAP value. So, it is evident that crop yield is sensitive
to crop Temperature variations. Pesticides showed a saturation
effect in their interactions. This implies the prevalence of
underlying temporal trends in agricultural practices or climate
patterns. These findings are consistent with the predictive
performance results, where ensemble models demonstrated
strong sensitivity to agronomic and environmental variables.

8. CONCLUSION AND FUTURE RESEARCH
DIRECTIONS

In this study, we investigated how GSCV, RSCV, and OPT
hyperparameter tuning methods affect regression models in
CYP. We observed that the performance of RF was the most
consistent across cross-validation and test evaluations. When
tuned with GSCV and OPT, it had lower error values and
higher goodness-of-fit than the other models.

A different trend was observed for boosting-based models.
In particular, XGB and GB showed noticeable variation in
performance depending on the tuning approach. Under RSCV,
both models demonstrated increased prediction error. This
suggests a higher sensitivity to suboptimal parameter
configurations. DT performance did not change much with
different tuning methods, indicating low reliance on
hyperparameter selection.

From a computational perspective, a clear trade-off between
predictive accuracy and efficiency was observed. For instance,
in RF tuning of GSCV (180 seconds) and OPT (228 seconds)
took substantially longer than RSCV (64 seconds). The
absence of statistically significant pairwise differences further
supports that performance variations are not universally
decisive. Based on these observations, tuning strategies must
trade off computational efficiency and predictive stability.

Future research directions include:

e Developing scalable search techniques, highlighting
the challenge of increasing data size.

e Expounding Cost-sensitive tuning techniques that
dynamically adjust search space sizes according to
available resources and model complexity.

e Performing Generalization by examining how different
hyperparameter tuning approaches cooperate with the
model's capacity to transfer to diverse data
distributions.

e Studying AutoML frameworks for efficient and
reproducible tuning with reduced human effort.

e Extend the proposed framework in real-time processing
and thereby explore solutions for delays and changing
environmental conditions.

The findings of this research will help developers in
selecting suitable hyperparameter optimization methods more
efficiently and effectively. Thereby, this will be useful in
developing efficient agricultural decision support systems for
agrarian practitioners, which may lead to optimized crop
productivity through more reliable yield predictions.
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